Abstract: In this paper a lane departure detection method is studied and evaluated using the full vehicle dynamics software CarSim. The road curvature is estimated and compared to the vehicle trajectory curvature. The proposed algorithm takes account of the steering dynamics and uses the Time to the Lane Keeping (TLK) as a second risk indicator in order to reduce false alarms and integrate the driver corrections. The used nonlinear model deduced from the vehicle lateral dynamics and a vision system is represented by a T-S fuzzy model. Stability conditions of the fuzzy observer are expressed in terms of linear matrix inequalities (LMI)using unmeasurable premise variables. Simulation results show good efficiency of the method under different driving scenarios.
INTRODUCTION
Lane departures due to driver's error and inattention resulting from fatigue accumulation, the use of cellular phones, drowsiness, and so on, represent a large part of car accidents. This type of accidents accounts for approximately one third of all highway fatalities (Yong, 2003) . The National Highway Traffic Safety Administration (NHTSA, USA) has recognized that single-vehicle road departure (SVRD) crashes lead to more fatalities than any other crash type (NHTSA, 2005) . In France, accident analysis published in (Bar, 2002) , studied by the French road administration (CEESAR, France) shows that a large part of road fatalities (approximately 30% ) is a result of this kind of accident. Moreover, the mortality of these fatalities is two time higher than other ones.
The development of lane keeping devices is a widespread research area since the last years, aimed to reduce driver's efforts and improve vehicle safety capability. they vary from simple warning systems to active limiting and correcting driver trajectory systems. Often, these systems seem, from a driver's point of view, intrusive (they warn him excessively). In the last decade, many kinds of Lane Departure Warning Systems (LDWS) were developed and commercialized (Delphi, 2007) and ( USDT, 2009) . The main problem is to find a driving risk indicator which can be used to warn the driver in the case of passive assistance or engage the control action in the case of active assistance. This indicator has to approach the driver behavior and shall, integrating his correction , not to warn him when he is already correcting his maneuver. For example the TLC (time to line crossing) and the DLC ⋆ This work was supported by the "Conseil Rgional de Picardie" and the "FEDER" within the framework of the project "SEDVAC" (distance to line crossing) are two driving risk indicators who have received considerable attention during the two last decades (Mammar, 2007) .
In this paper the estimated road curvature is compared to the vehicle trajectory curvature. The difference between the two curvatures is used by the proposed algorithm as the first driving risk indicator, the second driving risk indicator is defined as the Time to the Lane Keeping (TLK) which gives the time remaining to have the same curvature of the lane according to the driver's corrections. In this work, a representation of the nonlinear model of lateral vehicle dynamics by a Takagi-Sugeno (TS) fuzzy model (Takagi, 1985) and (Oudghiri, 2008) , has been considered. This representation is largely used and studied these last years (see for example (Chadli, 2005) and . This paper is organized as follows: Section II introduces the used vehicle model and its representation by a T-S fuzzy model. A model-based robust fuzzy observer by considering the case where the activation functions depend on unmeasurable variables (the state of the system) is designed in Section III. Section IV presents the methodology considered to define the driving risk and detect the lane departure. Simulation results are also presented in this Section under different driving scenarios using vehicle dynamics software CarSim and Matlab/Simulink. Finally, conclusions are made in Section V.
VEHICLE MODEL DESCRIPTION
The model used in this work describes vehicle lateral dynamics in a turn lane, which is obtained from the bicycle model ( Figure 1 ) and a vision system with lateral displacement measure. 
Fuzzy representation of the bicycle model
The two-dimensional model with nonlinear tire characteristics of the four wheels vehicle behavior can be described by the following differential equations (Ackermann, 1993) :
Where β denotes the sideslip angle, ψ is the yaw angle, F yf is the cornering force of the two front tires, F yr is the cornering force of the two rear tires. v is the vehicle velocity, Jz is the yaw moment of inertia, m is the vehicle mass. For further description of the parameters appearing in the vehicle dynamics model refer to Table 1 . In this work, we take into account the nonlinear forces by considering a TS representation of the tire model using the following rules:
with
where δ f is the front steer angle α f is the slip angle of the front tires and α r is the slip angle of the rear tires ( Figure 1 ). C f i , C ri are the front and rear tire cornering stiffness which depend of the the road friction coefficient and the vehicle parameters. The overall forces are obtained by :
where µ j (j = 1, 2) is the j th bell curve membership function of fuzzy set M j . They satisfy the following properties:
The expressions of the membership functions used are given by:
Using an identification method based on the Levenbenrgmarquadt algorithm (Lee, 2003) combined with the least square method we determine parameters of membership functions (a i , b i and c i ) and stiffness coefficient values. For a road friction coefficient µ = 0.7 the following parameters are obtained:
Using the above approximation idea of nonlinear lateral forces by TS fuzzy rules, nonlinear model (1) can be represented by the following TS fuzzy model:
with:
The nominal values of the vehicle parameters are given in the following 
T-S model with Vision system measurement
Using a vision system like a CCD camera measuring the lateral displacement of the vehicle at a look-ahead distance (Figure 2 ), the equations describing the evolution of the measurement extracted from image, caused by the motion of the car and changes in the road geometry can be written as follows:ẏ
The angular displacement ∆ψ is obtained as follows:
y s is the offset from the centerline at the look-ahead distance, ∆ψ the angle between the tangent to the road and the orientation of the vehicle with respect to the road, l s the look-ahead distance at which the measurement is taken and w the road curvature.
Combining the vehicle lateral dynamics (7) and the vision dynamics (8) and (9) leads to a single dynamical system with the following form:
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With δ as the known input and w the unknown input of the system
MODEL BASED STATE ESTIMATOR DESIGN
To estimate the road curvature, it is necessary to know some of the model states which are difficult or even very expensive to measure directly. These latter can be estimated using measurable signals such as the lateral displacement and the steering angles. In this study, we design a robust fuzzy model based estimator which estimates the sideslip angle, the yaw rate and the relative yaw rate by considering the road curvature w(t) as unknown input (Figure 3) . We measure steering angle, vehicle velocity and the lateral displacement at a lookahead distance provided by the camera. Fig. 3 . Observer structure
T-S Fuzzy observer design conditions
The TS model based estimator in presence of the road curvature as an unknown input is represented as follows:
The aim of the design is to determine gain matrices L i , and variable η(t) ∈ ℜ n , that guarantee the asymptotic convergence ofx(t) towards x(t).
In the following Sections, to simplify the expression of equations, time variable (t) will be omitted.
Notice that the variable η is introduced to compensate the errors due to the uncertainties in the dynamic of the state estimation. Let us define the state estimation error:
The output estimation error is defined as follows:
The dynamic of the state estimation error is governed by:
which can be rewritten as follows:
where
Remark 1: The convex sum property of the membership functions allows to write
then the variable matrices ∆A and ∆B are bounded and the following property is verified
where ρ i > 0 is the matrix norm of A i . The TS estimator gains have been computed by considering the effect of the unknown input vector w to the state estimation errors. One possible method is to minimize the L 2 gain (H-infinity norm) from w to estimation errors. The L 2 gain between the unknown input w and the estimation error e is defined by the following quantity:
By the definition of the supremum and the L 2 gain, (18) can be expressed as
The demonstration of the asymptotic convergence of the robust observer uses the following lemma:
Lemma 1: For any matrices X and Y with appropriate dimensions, the following property holds for any positive scalar β :
Theorem 1: The system (14) is stable and the L 2 gain of the transfer from the unknown input vector w to the state
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estimation errors is bounded by γ if there exist a positive and symmetric matrix X, matrices N i , and positive scalars β 0 and β 1 such that the following LMIs hold for i = 1, 2:   
The TS estimator gains are then computed by
Proof: Consider the following Lyapunov function candidate:
where X = X T > 0. Substituting (14) into (24) and taking the time derivative giveṡ
Using the property of the lemma (1), the expression (25) becomes:
2 ). Substituting variable η by the expression given by (22), allows to write :
Therefore, after simplification, we obtain:
The system (14) is stable and the L 2 gain of the transfer from the unknown input vector w to the state estimation errors is bounded by γ if the following condition holds
substituting (28) in (29), the following inequality is obtained
Inequality (30) can be rearranged as follows:
Since the conditions in (31) are not convex in variables X and L i , by introducing a new variable, N i = L T i X and applying the Schur complement, (31) can be rewritten as the equivalent LMI condition (21). The solution of this LMI in X and N i allows to compute the observer gains L i = X −1 N i , β 1 , β 0 and then η which define completely the observer (11).
Road curvature estimation
Once the states of the system rebuilt, they will be used to estimate the road curvature. From equation (8), the road curvature w can be computed as follows:
where v is the vehicle velocity,˙ψ and ∆˙ψ are the estimate results of the observer.
LANE DEPARTURE DETECTION AND SIMULATION RESULTS
Now that the road curvature is estimated, it can be compared with the vehicle trajectory curvature w v in order to detect lane departures.
Computing the steady state of equation (7), leads to the steady state yaw rate described by:
where l = l f + l r . The vehicle trajectory radius R v is given by
Then the vehicle trajectory curvature can be computed from (33) and (34) as follows
Lane departure detection algorithm
Risk indicators studied in the last decade for the lane departure problem like the TLC present several limitations, they are time consuming and require accurate road information (Mammar, 2007) , moreover they are approximated geometrically without vehicle dynamics and don't integrate driver corrections. The risk indicator r 1 used here is given by the difference between the estimated road curvatureŵ obtained from the vision system equation (32) and the vehicle trajectory curvature w v obtained from (35) .
To reduce false alarms and no detection of lane departures we have to take into account of the steering dynamicsδ f , we will be able to avoid false alarms when the driver is already correcting his maneuver. We define a second indicator r 2 , when r 1 exceeds a threshold value r T hres1 , the driver must begin correcting his maneuver (δ f r1 > ǫ) and then we compute the second indicator r 2 given by:
Indicator r 2 is defined as the time remaining for the vehicle to have the same trajectory that the road, it must be always lower than the minimal value r T hres2 . All these steps are summarized in Figure 4 . 
Simulation results
The effectiveness of the proposed approach is evaluated under different driving scenarios using the professional software CarSim. Under the assumption of a constant longitudinal speed, the road curvature of the considered test track can be represented as a signal (seconde curve of Figure 6 ), to be estimated using the observer results. The resolution of equation (21) In the first driving scenario the vehicle is kept in the lane without any departure for 60s. The estimated vehicle state using the above observer are shown in Figure 5 and the road curvature estimation is illustrated in Figure 6 . The results of the lane departure algorithm for this scenario are depicted in Figure 7 . In this scenario alarm signal remained at zero even when the risk indicator r 1 reaches great values at 2 s and 30 s. The risk indicator r 2 has allowed us avoid the false alarms at these times because it still under 1 second. 
CONCLUSIONS AND FUTURE WORKS
A technique of lane departure detection based on a fuzzy representation of the vehicle model is proposed and evaluated under different driving scenarios using software CarSim. The aim here is that only one sensor is used and no knowledge on the path road is needed. The road curvature is estimated and compared to the vehicle trajectory curvature. The difference between the two curvatures is used by the proposed algorithm as the first driving risk indicator. To reduce false alarms and integrate the driver corrections the algorithm take account of the steering dynamics and use the Time to the Lane Keeping to anticipate lane departure detection and avoid false alarms. The proposed lane departure detection algorithm is very efficient and practical, it uses two risk indicators and takes into account of the steering dynamics. Simulation results show the efficiency of the proposed algorithm by considering two driving scenarios. Further works will extend the approaches and implement the proposed algorithm in an experimental vehicle.
